Mineral amount in bovine muscle affect meat quality, growth, health and reproductive traits 22 in beef cattle. To better understand the genetic basis of this phenotype, we implemented new 23 applications of use for two complementary algorithms: the partial correlation and information 24 theory (PCIT) and the regulatory impact factor (RIF), by including GEBVs as part of the 25 input. We used PCIT to determine putative regulatory relationships based on significant 26 associations between gene expression and mineral amount. Then, RIF was used to determine 27 the regulatory impact of genes and miRNA expression over mineral amount. We also 28 investigated over-represented pathways, as well as evidences from previous studies carried in 29 the same population, to determine regulatory genes for mineral amount e.g. NOX1, whose 30 expression was positively correlated to Zn and was described as regulated by this mineral in 31 humans. With this methodology, we were able to identify genes, miRNAs and pathways not 32 yet described as important for mineral amount. The results support the hypothesis that 33 extracellular matrix interactions are the core regulator of mineral amount in muscle cells. 34
Introduction 41 42
Mineral amount affects meat quality [1] - [4] , reproduction [5] , health and growth 43 performance [6], [7] in beef cattle and the control of mineral homeostasis depends on genetic 44 factors, among others [8] . Understanding the genetic aspects linked to mineral amount in 45 bovine muscle can lead to a better modulation of this trait, allowing for future production of 46 healthier, more productive animals, and better-quality meat. 47 A differential expression approach detects genes and pathways underlying mineral 48 amount in Nelore cattle, by comparing extremes of the population used herein [9] [10] . 49
However, as mineral amount traits occur in a continuous distribution, to verify these 50 relationships and infer regulatory modes of action, it is necessary to study the whole 51 population. It is possible to go beyond contrasting extreme phenotypes, beyond differential 52 expression [11] . Thus, by applying a co-expression network approach it is possible to identify 53 genome-wide genes with similar expression patterns related to specific phenotypes or 54 conditions. In this methodology, traits are usually integrated into the analysis in a condition-55 dependent network, by previous selection of genes or sample clusters related to the trait 56 before the analysis [12] . Another way of including phenotypes to select gene groups 57 putatively involved with them, already used for mineral amount in our population [13] , is to 58 cluster all expressed genes by their co-expression profiles and then associate these clusters to 59 the phenotypes using the Weighted correlation network analysis (WGCNA) iR package [14] . 60
In this case, groups of genes with similar functions are identified and associated with the 61 phenotypes. 62
Among the challenges of these methods regarding phenotype inclusion is that no 63 single approach is used to search genome-wide for specific genes linked to phenotypes 64 without prior selection. Also, it is challenging to pinpoint the direction of interactions or the 65 regulation, as co-expression networks do not provide this information a priori [12] . To 66 overcome these limitations, we propose a new application of the partial correlation and 67 information theory (PCIT) algorithm, originally used for deriving gene co-expression 68 networks, by identifying significant associations between expression profiles [15] . 69
Additionally, we propose a new application of the regulatory impact factor (RIF) algorithm 70
[16] to identify significant genes and miRNAs expression with regulatory impact over 71 mineral amount in bovine muscle. To this end, we used the expression values of genes and 72 miRNAs correlated to minerals instead of transcription factors (TFs) used in the original 73 application, allowing the regulatory role to go beyond current functional annotation of the 74 cattle genome. When calculating the RIF of genes and miRNAs with expression correlated 75 with a mineral over the amount of this mineral, the mineral mass fraction genomic estimates 76 of breeding values (GEBVs) were used instead of the expression data of selected gene. 77 Therefore, we were able to use GEBVs on the networks to identify regulatory elements 78 linked to the phenotypes. This new use of the PCIT-RIF algorithms identified genes and 79 miRNAs expression related to the mass fraction of calcium (Ca), copper (Cu), potassium (K), 80 magnesium (Mg) , sodium (Na), phosphorus (P), sulfur (S), selenium (Se), zinc (Zn) and iron 81 (Fe) in Nelore steers' Longissimus thoracis muscle. In short, we aimed to predict the 82 regulatory impact of genes and miRNAs expression over mineral amount in Nelore muscle. 83
84
Results 85 86
Genes and miRNAs with expression values correlated to minerals 87
88 After data quality control, filtering, normalization and batch effect correction 89 performed separately in the mRNA-Seq and miRNA-Seq from 113 samples, the expression 90 of 12,943 genes and 705 miRNAs remained for further analyses. To identify genes and 91 miRNAs with expression values correlated to ten different minerals, we carried out two 92 different PCIT analyses, using our new application: i) PCIT general: incorporating genes, 93 miRNAs expression and GEBVs together, and ii) PCIT miRNA: considering only miRNAs 94 expression and GEBVs together. Simultaneously considering the results of both PCIT 95 analyses, we identified a total of 242 genes and 35 miRNAs with expression values correlated 96 to at least one mineral GEBV. From these, the expression of 46 genes and 12 miRNAs was 97 correlated to more than one mineral GEBV. The number of genes and miRNAs with 98 expression values correlated to each mineral ranged from 19 to 55 and from five to nine, 99 respectively. The number of miRNAs' expression that were correlated to a mineral in both 100 PCIT analyses varies from zero to three (Table 1) . There were two genes and one miRNA 101 expression values correlated to six minerals, Vitamin D3 receptor (VDR) and bta-miR-92b 102 correlated to Ca, K, Mg, Na, P and S; and Doublecortin (DCX), correlated to K, Mg, Na, P, S, 103 and Zn. From these analyses, we identified significant correlations among minerals' GEBVs. 104
There were no significant correlations between Se and other minerals ( Figure 1 ). Correlations 105 identified among K, Mg, Na, Zn, S, and P GEBVs ranged from 0.77 to 0.97. 106 107 Principal component score and Regulatory Impact Factor (RIF)  109   110   From a principal component analysis based on the GEBVs for each animal,  111 considering ten minerals, we calculated a score for each sample regarding its contribution to 112 phenotypic variation. Based on that, we selected 30 contrasting samples concerning all 113 minerals together, 15 with low score and 15 with high score (Figure 2 ). These contrasting 114 groups were used to estimate the RIF of all genes and miRNAs with expression values 115 correlated to at least one mineral in the amount of all minerals together, using our application 116 of the original RIF algorithm (see methods). Also, we estimated the RIF of the genes and 117 miRNAs with expression values correlated to each mineral separately using contrasting 118 sample groups for specific minerals. For that, based on the GEBVs, we expanded to 15 the 119 number of samples on the same contrasting groups detailed in previous works with 120 differentially expressed genes regarding mineral amount [9] [10] containing six samples for 121 Ca, Cu, K, Mg, Na, P, S, Se and Zn and five samples for Fe in each group. 122
There were 22 genes and two miRNAs with significant RIF based on the high and low 123 score approach. Based on the single mineral analysis, there were three common genes and 124 one common miRNA with significant RIF for two minerals, CD86 molecule (CD86) for K 125 and Mg, VDR for Mg and Na, WD repeat-containing planar cell polarity effector (WDPCP) 126 for Na and P and bta-miR-369.3p for Ca and S. The number of genes with significant RIFs 127 for each mineral varied from zero to seven and for miRNA from zero to two (Table 2 ). The 128
There was at least one putative regulatory element (i.e. a significant RIF, TF, miRNA, or 143 gene affected by eQTLs) correlated to each mineral. The number of genes and miRNAs with 144 expression values correlated per mineral per attribute identified is showed in Table 3 and the  145 genes, miRNAs and their attributes are showed in Supplementary Table S2 . 146
There were no functional clusters or over-represented pathways identified in the 147 functional annotation analysis carried out separately for each group of genes correlated to a 148 specific mineral. However, from the functional annotation table, we noted that the gene 149 expressions correlated to the minerals are well conserved among a broad range of organisms. 150
They have functions related to the extracellular matrix, integral membrane constituents, metal 151 ion binding, and partake on regulatory processes linked to transcription, replication, splicing, 152 apoptotic processes, metabolism, transport vesicles, RNA processing, signaling, cell division, 153 adhesion, migration and proliferation, embryonic development and tissue regeneration. To convey the relationship among all genetic elements related to mineral mass 158 fraction detected in our population, we used PCIT to estimate the correlations between a gene 159 or miRNA expression that was found to be correlated to a given mineral in the present work 160 and DEGs previously identified for the same mineral [9] [10]. This analysis was carried out 161 for each mineral separately and included the same genes with regulatory potential as in the 162 previous section (DEGs [9] [10], TFs [17], genes affected by eQTLs [18] and genes with 163 significant RIF). To identify elements with regulatory potential, we then selected the genes 164 that were network hubs or that were significant according to RIF (see methods). We 165 performed a functional annotation analysis with the selected genes for each mineral, 166 separately, to determine which ones were underlying biological pathways. 167
The expression of all selected putative regulatory elements (hub, significant RIF or 168 miRNA), the ones underlying biological pathways newly identified and the ones being part of 169 enriched pathways in previous work with DEGs related to mineral amount [9] [10] were used 170 as inputs for a final PCIT analyses. This PCIT was carried to identify possible regulators of 171 genes in enriched pathways. Figure 3 shows the co-expression networks built with significant 172 correlations from the final PCIT analyses for Ca, Cu, K, Mg, Na, P, S, Se, and Fe. 173
Supplementary Tables S3 has the correlations and attributes related to creating Figure 3 . 174
As we included the differentially expressed genes regarding mineral amount 175 previously detected in in the same population [9] [10], most of the over-represented pathways identified correspond to the previously detected pathways expression analyses. In addition, 177 by the inclusion of correlated genes and pathways from the Reactome database [19], we 178 identified new pathways for K, related to protein metabolism, for Ca, Cu, S and Fe related to 179 immune response, and for S related to signaling. All the pathways enriched for S are new, 180 when compared with our previous work [9] . A list of the pathways enriched for each mineral 181 considering the ones detected with the inclusion of correlated genes expressions and the ones 182 from the previous work [9] [10] is shown in Table 4 . 183
Regarding Zn, no gene taking part in the unique enriched pathway previously detected 184
[9] met our criteria. Because of that, for this mineral, we generated a co-expression network 185 by including the DEGs for Zn [9] that had their expression values significantly correlated to 186 hub or RIF elements for Zn and their attributes, in order to identify possible regulators for the 187 DEGs in general. This co-expression network is shown in Figure 4 , and the correlations and 188 attributes supporting Figure 4 are presented in Supplementary Table S4 . correlated to each mineral, showed no functional clusters nor enriched pathways for any 248 mineral. However, some of these genes' expressions were correlated with DEGs partaking in 249 different pathways and are themselves part of these pathways, which lead us to hypothesize 250 that the remaining genes of the pathways may be modulated in less intensity. This agrees with 251 the small QTL effects already observed for mineral amount [26] . The function annotation for 252 each gene separately showed membrane proteins and extracellular matrix (ECM) related 253 proteins as common annotation for many genes. This observation helps to corroborate the 254 hypothesis that ECM interactions are at the regulatory core for the mineral mass fraction [9] . 255 ECM pathways were enriched for co-expressed groups of genes related to mineral mass 256 fraction and meat quality traits in this Nelore population [13] . 257
When components of a specific pathway are known, a guided-gene approach in a co-258 expression network can help to identify new genes for the same pathway-related-trait [27], 259 and a pre-selection of genes by biological meaning can improve the network interpretation 260
[12]. Our selection based on enriched pathways, TFs, and significant RIF allowed the 261 inference of genes and miRNAs with a regulatory potential in these pathways. We identified 262 high correlations among these selected elements when compared with the correlations among 263 unselected genes/miRNAs and minerals or considering all genes/miRNAs correlated to a 264 mineral and their respective DEGs. These high correlations and the presence of genes related 265 to regulatory processes reinforces that our methodology can be used to drive the search for 266 meaningful regulatory relationships. 267
268
Potential regulators for more than one mineral 269 270 Genes with significant RIF and genes with expression values correlated to others that 271 belong to enriched pathways are the potential regulators. These candidate genes may 272 modulate mineral mass fraction by affecting their target genes and pathways. For the minerals 273 presenting enriched pathways, except Zn, the elements with significant RIFs were connected 274 with miRNAs, correlated genes expressions, TFs and genes being affected by trans eQTLs. 275
They were also part of enriched pathways, reinforcing their regulatory role on the 276 phenotypes. The intricate patterns obtained in these network analyses arise from the fact that 277 the same genes are part of different pathways. 278
As expected, the pathways identified by considering gene expression correlation with 279 mineral GEBVs were often the same already reported in the differential expression study [9] . 280
The pathways with functions related to ECM processes and protein metabolism were 281 enriched for almost all minerals, except Se, Fe, and Zn. These results also corroborate our 282 previous hypothesis that the regulatory core of mineral amount is linked to ECM processes 283 [9] . Pathways related to fatty acid metabolism were enriched for Cu, as reported in that 284 previous study. However, with the inclusion of the genes with expression values correlated to 285 the minerals, pathways linked to immune responses were enriched for Ca, Cu, Fe, and S. The 286 pathways enriched for S, related to signal transduction and immune response, were not 287 detected in the previous cited work, emphasizing that the integrative approach used herein 288 can bring up new evidences of regulatory processes not identified under the differential 289 expression analysis. 290
We identified putative regulators that might impact more than one mineral. Cluster of 291 differentiation 86 gene (CD86) showed a significant RIF and was a hub gene for Mg and K 292 analyses. The gene CD86 encodes a protein signaling for T cell activation and proliferation 293
[28] and is linked to T cell adhesion after activation [29] . A Mg sensor, ITK, seems to be 294 required for optimal T cell activation [30] and K + channels are involved in T cell activation, 295 after the binding of the CD86 protein in the CD28 receptor [31], putatively explaining the 296 relationship among these two minerals and CD86. The PI3k-akt signaling pathway is 297 activated after this protein-receptor binding in an antigen-presenting cell, leading to 298 downregulation of integrins, participants of the pathways enriched for these two minerals 299 [32] . For both minerals, Mg and K, the known roles of CD86 support the idea that this is a 300 regulator for the enriched pathways. 301
The Vitamin D receptor (VDR), is a TF with significant RIF for Mg and Na. VDR 302 expression has a known relationship with Ca metabolism [33], and it was correlated to this 303 mineral, but it was not identified here as a putative regulator for Ca based on the RIF score. 304
Mg is essential to vitamin D activation, once both enzymes involved in this process, 25-305 hydroxylase and 1α-hydroxylase, are . VDR expression link with Na is not 306 extensively documented. A putative role of this encoded receptor in the increased Ca 307 absorption and/or reduced Ca loss in menopause women containing no f alleles of the VDR 308 gene under a Na and protein-rich diet was reported [35] . The relationship between this gene 309 expression and the ECM processes-related pathways enriched for both minerals seems to be 310 the interaction of the VDR receptor with the Runx2 receptor which, in mammals, stabilizes 311 chromatin remodelers by activating genes involved in ECM mineralization [36] . significant RIF for Na and P and was affected by one trans eQTL in chromosome five [18] . 314
The WDPCP gene encodes a protein that inhibits Wnt activity [37], whose pathway acts in 315 adult muscle regeneration [22] , and is activated by high P amounts [38] . ECM processes-316 related pathways were also enriched for these minerals. Mg, which stimulates collagen synthesis [46] , and its expression is correlated to other genes 343 expressions being part of the same or related pathways. Cystathionine gamma-lyase (CTH) is 344 also a gene with significant RIF just for Mg. This gene expression is correlated to a Zn finger protein of the cerebellum (ZIC3), a TF, which was correlated to the already mentioned CD86 346 gene expression, also associated with Mg herein. 347
We identified two genes with significant RIF specifically for K: Matrix 348 metallopeptidase (MMP16) and E3 ubiquitin-protein ligase (RNF34). The gene MMP16 349 encodes a protein whose family is involved in the breakdown of ECM, mostly of collagen where integrins act [51] . The presence of an integrin gene, integrin subunit alpha 10 366 (ITGA10) in the network, as well as actin interactions, could explain the link of these two 367 genes and the ECM-related pathways for Na. Na presents a miRNA with significant RIF, bta-368 miR-125a, presenting its expression values correlated to two genes with significant RIF, 369 WDPCP and VMAC, and the integrin gene ITGA10. This miRNA targets VMAC who is also 370 affected by six trans eQTLs in chromosome six, being candidates to future studies. 371
The miRNAs bta-miR-25 and bta-miR-378c had significant RIF for Fe. Their 372 expression values were correlated to each other, to other miRNAs expression and, as with 373 other miRNA found in our results, the genes expressions correlated to them were not 374 described as their targets. Both miRNAs expressions were correlated to ALAD gene 375 expression, also a hub gene in the Fe network. . The bta-miR-500, who presented a significant RIF 408 for S is a known regulator of the genes whose mRNA levels were correlated to this miRNA 409 in our analysis. 410
For Se, all enriched pathways were related to ECM interactions and protein digestion 411 and absorption. For this mineral, we identified six annotated genes with significant RIF, 412
Thyrotroph embryonic factor (TEF), Zn finger DBF-type containing 2 (ZDBF2), 413
Tetratricopeptide repeat domain 21 (TTC21A), Histidyl-tRNA synthetase (HARS), DTW 414 domain containing 1 (DTWD1), and Pyruvate dehydrogenase kinase 3 (PDK3). TEF is a TF 415 and a leucine zipper protein [67], whose family is required for the activation of DDRs 416 receptors, essential to matrix remodeling [68] . PDK3 encodes an enzyme responsible for the 417 regulation of glucose metabolism, among many other functions, is related to ECM 418 remodeling [69]. We could not find a link among ZDBF2, HASR, and DTWD1 genes 419 expression and Se or the enriched pathways. They are candidates for future studies regarding 420 these potential relationships. 421
Regarding Zn, even without over-represented pathways, it is possible to infer that the 422 six elements presenting significant RIF are putatively regulators of several correlated genes 423 expressions and a few DEGs, as already discussed by NOX1. From the six genes with 424 significant RIF, Membrane-bound transcription factor peptidase, site 2 gene (MBTPS2) is 425 also a hub gene encoding an intramembrane Zn metalloprotease and TNR encodes an ECM 426 glycoprotein. This information can lead to the assumption that ECM processes can also be 427 associated to Zn amount, as they putatively do to most of the other minerals in study [9] . 428 429 New application for PCIT and RIF algorithms 430 431
The first co-expression network, containing genes and miRNAs expressions 432 correlated to the mass fraction of at least one mineral, is considered to be a correlation 433 network among elements from two different sources: sequencing (mRNA-Seq and miRNA-434 Seq) and a measure referring to the trait of interest, the minerals` GEBVs. Originally, outputs 435 from PCIT algorithm forms co-expression networks based on significant correlations between 436 gene and miRNA expression levels. PCIT works in two steps: first, a partial correlation is 437 calculated for every trio of genes/miRNAs based on the expression values of these elements 438 in a specific set of samples, giving us the strength of the linear relationship between every 439 two items, independent of the third one. In the end, PCIT calculates, for each trio of genes 440 expression, the average ratio of partial to direct correlations. This value is set as the 441 information theory threshold for significant associations, not the same for every analysis, 442 specific for each trio [15] . Statistically, both steps can be used to test the correlation and the 443 significance threshold of other genetic elements, if they vary in the population. Thus, there is 444 no statistical impediment of using PCIT in the way proposed here, to detect genes and 445 miRNAs whose expression values variate in our samples in correlation with the minerals` traits [26] . 448
The RIF algorithm was developed to calculate the impact of TFs over a selected list of 449 genes through the expression values of genes and TFs across samples, in two contrasting 450 groups for the studied phenotype (in our case, minerals). This impact factor is calculated in 451 two ways (RIF 1 and RIF 2). RIF 1 gives high scores to TFs that are most differentially co-452 expressed, highly abundant, and with more expression difference between the groups. RIF 2 453
gives a high score to TFs for which the expression can predict better the abundance of DEGs 454 [16] . Again, there is no impediment in the analytical methodology to use other genetic 455 information, e.g., GEBVs, since it variates in the population. In our application, we used 456 genes and miRNAs with expression values correlated to at least one mineral in the place of 457 TFs, and GEBVs were used instead of selected genes. In this case, RIF 1 gives a high score to 458 the genes or miRNAs that are most differentially co-expressed, highly abundant and with 459 more expression difference between the contrasting groups (mineral specific groups and 460 score-based groups, separately) and RIF 2 to genes and miRNAs for which the expression 461 can predict better the magnitude of the GEBVs. Together, both new applications can be used 462 to predict genes and miRNAs expressions correlated to mineral mass fraction and to pinpoint 463 which ones have a regulatory impact over mineral amount. 464 465 Conclusion 466 467 By using a modification of the PCIT/RIF methodology, we were able to predict 468 regulatory elements related to the mineral amount of ten minerals, indicating over-represented 469 pathways linked to the mass fraction of each mineral and putative regulators that are mineral 470 specific. Our analyses corroborate the link between mineral amounts and the ECM processes, 471 including a relationship with Zn not seen in our previous analysis. In our proposed approach, 472 PCIT can be applied to predict the relationship between gene transcripts or miRNAs and 473 phenotypes, in a genome-wide fashion. Similarly, RIF may predict the regulatory impact of 474 mRNAs and miRNAs levels over phenotypes. This new approach can be applied for any 475 phenotype that is of interest for genomic selection and livestock breeding. The total RNA extraction, quality control, and sequencing were described elsewhere 512
[70]. In summary, total RNA from all the 113 samples was extracted using Trizol ® (Life 513 Technologies, Carlsbad, CA) and its integrity was evaluated in a Bioanalyzer 2100 ® (Agilent, 514 Santa Clara, CA, USA). Regarding the mRNA-Seq data, the library preparation was made 515 with the TruSeq ® sample preparation kit, and the paired-end sequencing [10] was made in an 516
Illumina HiSeq 2500 ® . For the miRNA-Seq data, the library preparation was made with 517 TruSeq ® small RNA sample preparation kit, and the single-end sequencing [70] was made in 518 a MiSeq sequencer. 519
As a quality control for the sequences, we filtered out reads with less than 65 bp and 520 Phred Score less than 24 for the mRNA-Seq data, and the removal of reads with less than 18 521 bp and Phred Score less than 28 of the miRNA-Seq data were made using the Seqyclean 522 software (http://sourceforge.net/projects/seqclean/files/). 523
The reads that passed the quality control were aligned to the reference bovine genome The original application of the algorithm is used to test the co-expression between 549 genes by correlation analysis between expression values [15] . In our application, we included 550 the GEBVs for each one of the ten minerals evaluated here for each sample in the algorithm 551 input with the gene and miRNA expression values (called PCIT general). Using this 552 approach, we estimated the correlations among all the elements. Among the significant 553 correlations, we selected only the genes and miRNAs with expression values correlated to the 554 GEBV of at least one mineral. Due to the low number of miRNAs identified compared to the 555 high number of genes, we did one more PCIT analysis only with miRNAs expression values 556 and the GEBVs (called PCIT miRNA). The results from these two PCITs analysis were 557 combined. In the end we had a list of elements (genes and miRNAs) with expression values 558 correlated to each mineral GEBV. 559 560 RIF (regulatory impact factor) 561
562
A new application of the RIF algorithm [16] was applied to obtain the predict 563 regulatory impact of the genes and miRNAs with expression values associated with a given 564 mineral on the amount of the same mineral, considering its GEBVs. The original application 565 of the algorithm was developed to determine the regulatory impact of TFs over selected genes 566 (targets) related to a given trait through their expression values analysis between contrasting 567 groups for the same trait [16] . In our approach, for each mineral, we used the genes and 568 miRNAs with expression values correlated to a mineral, from the previous PCIT analyses, as 569 elements to be tested as regulators and the mineral GEBV as the target. 570
We carried out 10 different analyses with the RIF algorithm [16], being one for each 571 mineral. As input, we used the GEBVs for the 30 contrasting samples for each mineral as 572 targets (15 representing samples with high mineral mass fraction and 15 with low mineral 573 mass fraction) and the expression values for the genes and miRNAs correlated to the same 574 mineral as elements to be tested. To select these contrasting groups we expanded the sample 575 selection based on GEBVs previously made [9] [10]. Genes and miRNAs with RIF I or II 576 results higher than |1.96| were considered as significant, as authors suggest [16] . 577 578 RIF for all minerals together 579 580 To identify genes and miRNAs with significant impact factor in all minerals' mass 581 fraction together, we used the new application for the RIF algorithm [16] using the GEBV 582 from 30 contrasting samples forming two groups regarding the amount of the ten minerals as 583 targets and the expression values for the genes and miRNAs correlated to at least one mineral 584 as elements to be tested. 585
To select contrasting samples for all the minerals together, we ranked our samples 586 based on a score. To calculate this score for each sample, we performed a principal 587 component analysis (PCA) using the GEBVs for ten minerals for the 113 samples. To estimate the relationship among the genes or miRNAs with expression values 617 correlated with minerals and the DEGs between contrasting groups for mineral concentration 618 previously detected [9], we made ten separately PCIT [15] analysis. In these analyses, the 619 PCIT algorithm was used as proposed initially [15] to test the correlations among the genes 620 and miRNAs with expression values correlated to each mineral, and the DEGs previously 621 detected for the same mineral [9] [10] . 622
The significant correlations identified in each analysis was used to obtain co-623 expression networks with the Cytoscape software [77]. The NetworkAnalyzer tool for the 624 Cytoscape software [77] was used to obtain the connectivity degree of each gene and miRNA 625 in the networks. This value was used to identify the hub genes/miRNAs from the average of 626 the connectivity degree from the network summed with the double of the referent standard 627
deviation. 628
We considered only the significant correlations containing at least a hub or significant 629 RIF gene/miRNA for a given mineral. The genes present in these considered correlations 630 were used to perform a functional annotation analysis with the STRING v. To identify the elements putatively regulating the genes being part of over-637
represented pathways for each mineral in the study, we did another round of PCIT [15] 638 analyses, separately for each mineral. In this case, from each mineral last PCIT analysis, we 639 selected as inputs the genes being part of enriched pathways, also considering the previously 640 We used TargetScan software [80] to predict the target genes for the miRNAs with 651 expression values correlated to a mineral in Figures 3 and 4 and we compared these putative 652 targets with the genes with expression values correlated to them in our networks. 653 654
